To test the predictions of Pareto optimality theory in human cognition and behavior, we 130 analyzed data from the Human Connectome Project (HCP) that includes a wealth of 131 cognitive, personality, health, socio-economic status, and brain measures (Van Essen 132 et al., 2013). Specifically, we first identified the best triangle that explained the highest 133 fraction of variability across subjects. The vertices of such triangle define the 134 archetypes, i.e. the specialists for that set of tasks. Next, we defined the traits that 135 characterize (enrich) the archetypes, by taking into account not only cognitive, but also 136 personality, and socio-demographic measures. Based on this enrichment analysis, we 137 inferred the competing human evolutionary strategies. Finally, we identified differences 138 among archetypes in brain structure (volume, gray matter, etc.), function (resting state 139 functional magnetic resonance imaging, rs-fMRI, connectivity), and potential genetic 140 
Materials and Methods 145

HCP Dataset 146
We analyzed the public data release of the WU-Minn Human Connectome Project 147 (HCP) consortium (van Essen et al., 2013), which released a publicly available dataset 148 of 1206 healthy young adults, from families with both twins and non-twin siblings. The 149 current sample was obtained from the March 2017 data release (1200 Participants; 150 http:// www.humanconnectome.org). The database consists of behavioural measures 151 (e.g., cognitive, personality), socio-demographic measures, and high-resolution 3T 152
MRI imaging data. 153
Some data are restricted due to subject privacy (e.g. which subjects are twins, which 
Pareto Optimality Inference method 163
The Pareto Optimality analysis is based on the following assumptions: 164 1) Each subject is featured by a vector of continuous traits ν, obtained through measures 165 of cognitive, personality, socio-demographic, and brain features in the case of the HCP 166
dataset. 167
2) Each subject can perform k multiple tasks, which are in competition between each 168 other. Each task is assigned a performance function P k , which quantifies the ability of 169 a given subject to perform that task. 170
3) The performance of a given task is maximal at a given vertex (which is populated by 171 subjects that are specialists in that task, a.k.a. archetypes) and the performance 172 decreases with the Euclidean distance from the archetypes. 173
4) The fitness function of a given subject is an increasing function of the performance 174 at all tasks, F(P 1 ( ν)...P k ( ν)). 175
The maximization of the fitness function is a multi-objective optimization problem that 176 has as solutions sets of points enclosed in polytopes in the space of traits (Shoval et al., 177 2012). The points nearest each vertex of the polytopes correspond to subjects 178 specialized in tasks with the highest performances in that task and lowest in the others. 179
The Pareto Optimality analysis is performed in order to identify: 1) the best-shaped 180 polytope that encloses the data points in the space of traits; and 2) its vertices, which 181 would represent the archetypes, namely clusters of specialized individuals in features 182 that are in trade-off with each other (Hart et al., 2015) . The predictions of Pareto 183
Optimality theory are indeed met only if both conditions are satisfied. 184
As compared with the classical clustering methods (k-means, Gaussian Mixture 185 models, Latent Class Analysis), Pareto Optimality approach differs as it identifies the 186 extreme vertices (rather than centroids) of a distribution. Clustering and Pareto analysis 187 are indeed both able to find centroids, but in a complementary way, since the former is 188 sensible to local density, while Pareto is sensible to the external shape of distributions, 189 also called convex hulls (for further differences between the Pareto method and 190 clustering see Hart et al., 2015) . 191
The first step in our analysis was projecting for each pair of behavioral measures the 192 1206 participants' data points in a two dimensional space. We considered twenty-five (CDF) for a given set of values. This defines the p-value as the fraction of times the 209 null t-ratios are lower than the empirical t-ratio, and statistical significant p-values 210 should score under 5% of times (p < .05). We performed this analysis in the space of 211 each of the 300 combinations of traits, and in each case we found a p-value for the 212 triangular-hull. A correction for multiple comparisons was applied to all the p-values 213 thought the False Discovery Rate (FDR) method. 214
To further control the triangularity of the Pareto distribution, we measured the fraction 215 of variance accounted for (across subjects) as a function of the number of vertices (2 to 216 6) of the possible polygons. 217 218 219
Reliability of Pareto Front Solution 220
Even though the triangularity test examines the statistical significance of the obtained 221
Pareto front solution against a null distribution through permutation tests, we also ran 222 additional control analyses to validate our findings. 223
In one control analysis, we performed a split-half replication: we ran the Pareto analysis 224 separately on two random independent sub-samples of the HCP data set (n=559 and 225 n=560 subjects, respectively), taking into account all 300 possible combinations of pairs 226 of traits. This was done to ensure that the Pareto Front solution obtained from Pareto 227
Optimality Inference method was robust, i.e. significant in two separate samples. 228
In two additional control analyses we asked whether the obtained Pareto front solution 229 was robust to gender and race. In one analysis, subjects were split the subjects by 230 gender: Males (549 subjects), Females (649 subjects). In the second analysis, subjects 231 were split by Race: Asian-Nat. Hawaiian-Other Pacific (n=67 subjects), Black or 232 African American (n=192 subjects), White (n=883 subjects). 233
234
Enrichment analysis of the Archetypes 235
According to the Pareto Optimality theory, the vertices of the triangle identify 236 specialists that maximally (o minimally) express different traits. From this set of traits, 237 one can infer traits/tasks that are in trade-off between each other. If Pareto theory is 238 correct, then, other traits (i.e., enriched features) should be maximal or minimal in those 239 individuals who are located closest to the vertices (i.e., archetypes), and should decline 240 (or rise) as a function of the distance from that archetype. 241
To identify the traits that enrich the three archetypes of the optimal Pareto front 242 solutions, we first divided the distribution in bins and then analyzed, for each trait, the 243 change of the mean value of that trait across the bins of the polytope, normalized with 244 respect to the mean value of the given trait for the whole distribution. For simplicity, 245
we binned the Pareto front three times, each time starting from one of the three vertices, 246 into n bins. To make the analysis statistically valid in terms of sample size, we 247 constrained each bin to contain the same number of participants. This procedure was 248 repeated systematically by varying the number of bins between 8 and 15. A higher 249 number of bins leads to higher statistical fluctuations in the density analysis. Features 250 could be discrete or continuous. For continuous variables, we computed the ratio among 251 the mean value at all bins and the mean value of the entire triangle. We plotted this ratio 252 as a function of the n-th bin. For discrete features, we first booleanized them (i.e. a 253 value 1 was given if the participant had the given feature, 0 otherwise), then we treated 254 them as continuous variables. 255
Enriched features were validated if they passed the p-value test (based on the hyper-256 geometrical distribution (Hart et al., 2015) and corrected for FDR test), which measures 257 the probability that the mean value of a trait is maximal/minimal in the bin closest to a 258 given vertex. images, made available as data packages with pre-defined processing options (Glasser 283 et al., 2013) . In this analysis, we employed minimally pre-processed fMRI time series extended with subcortical regions. Therefore, the initial 352x352 FC matrices were 328 reduced to 63x63 matrices describing the connectivity of selected regions. However, 329 even this smaller matrix tended to oversample the region of activations. Since we did 330 not observe significant differences in connectivity profiles among neighboring parcels 331 near/at the focus of activation, and corresponding homologous regions, we further 332 reduced the matrix to 18 x18 showing distinct connectivity profiles. 333
Analysis and statistical comparisons. We carried out a Ward hierarchical clustering 334 between coupled archetypes based on Euclidean distance similarity of connectivity 335 profiles (i.e. FC rows, or columns by symmetry) similar to Nomi and Uddin (2015) . 336
This analysis consists in the hierarchical clustering of FC matrices to identify the node 337 clustering structure of one group of subjects (e.g. those belonging to one archetype) 338 and use this structure to reshape the FC representation of another group of subjects 339 (those belonging to the other archetype). In this way, differential hierarchical 340 organization between FC in different groups of subjects will be visually clarified. As 341 we did not find any significant difference in the FC hierarchical organization among 342 the three archetypes, the reported analysis is based on clustering of FC matrices based 343 on all subjects across the three groups. Next, we tested for differences among groups 344 
Results
361
A Pareto Front distribution for the delay discounting task (DDT) 362
For each participant, we took into account 25 continuous measures of the HCP (i.e., 363 cognitive and behavioural scores), mapping them into the multi-dimensional space of 364
morphospace). 365
The best triangular Pareto front solution was found in a two dimensional space that 366 contains, for each subject, the values associated with the Area-under-the-curve (AUC) 367 We further validated the present results performing a split-half replication, in which the 377 analysis was separately run on two independent group of subjects. The only significant 378 triangle that emerged in both groups was that defined by the DDT measures (for both 379 sub-samples: p < 10 -4 , after FDR correction) ( Figure S2 ). 380
Next, we confirmed that this Pareto front distribution was independently significant in 381 reward, is a reliable indicator of self-control in cases of lower discounting rate (i.e. 400 preference for larger delayed rewards), and impulsive behavior in cases of higher 401 discounting rate (i.e. preference for smaller earlier rewards)(Odum and Baumann, 402
2010). 403
The three vertices of the DDT triangle (identified by the colors Blue, Red, and Green, 404 Figure 1) analyzed. Two analyses were performed separately on 70 continuous and 40 discrete 449 measures (however, for clarity they will be described jointly). 450
The enrichment analysis was carried out on measures clustered into: (1) self-reported 451 measures reflecting behavioral, social, and emotional problems, adaptive functioning, 452 and substance use (e.g., ASR and DSM-oriented measures); (2) habits and 453 physiological variables (e.g., quality of sleep, smoking); (3) socio-demographic 454 features (i.e., educational level, race, income) (Figures 1-2 Figures 1-2) . Notably, BMI (obesity) 474 was also maximal in the bin next to the Red archetype, and steeply declined with 475 distance from that archetype. 476
Examining socio-demographic variables, individuals close to the Blue archetype had 477 the highest income whereas individuals close to the Red archetype had the lowest 478 (Figure 2) . The variable race was one of the strongest enriched features 483 (p= 4.06x10 -11 ). Therefore, it is important to ask whether a triangular distribution for 484 the DDT scores existed separately in each race. As shown above (Figure S3) , a Pareto 485 optimal distribution was found in each racial group, i.e. when considering separately 486
White, Asian and Hawaiian individuals, or Blacks. In Black subjects, however, the 487 distribution was no longer significant, which is compatible with the results of the 488 enrichment analysis (see Figure S3) . 489
In summary, this enrichment analysis shows that stronger (blue archetype) and more 490 flexible (green archetype) self-control, as indexed by the DDT scores, are associated 491 with higher fitness on cognitive, behavioral, socio-economic, and health variables, 492 while weaker self-control is associated with lower scores. Importantly, Blue and Green 493 archetype subjects scored highest on different domains, suggesting different cognitive 494 profiles ( Figure 1 and Table 2) . 495
496
Structural variables 497
We examined 56 measures related to mean volume of both white and gray matter, both 498 in specific anatomical brain regions and at the whole brain level, normalized per 499 intracranial volume. Measures were collected from a total of 1105 participants. 500
The analysis revealed that total cortical gray matter volume was highly enriched near 501 the Blue archetype, reaching a maximum value close to this archetype (Figure 3) . In 502 order to compare directly changes in gray matter volume as a function of the archetype, 503
we also ran an ANOVA restricted to individuals close to each of the three vertices (100 504 participants per group). This analysis showed a significant effect of the archetype [F(2, 505 297) = 7.9; p < .001; η p ² = .05], with the Blue archetype being characterized by a larger 506 cortical volume, as compared to both the Red and Green archetypes (p < .05; Bonferroni 507 correction) (Figure 3) 
Brain functional connectivity 514
In order to explore differences in functional organization we compared resting state FC 515 to/from these regions in three samples of subjects (each n=100) who were closest to 516 each archetype on the DDT. The three samples were matched in gender frequency 517 (percentage of females: Red=63%; Green=52%; and, Blue=57%) (Chi-square test, p > 518 0.1 for each paired comparison), and age (Average age: Red=28.9 years old; 519
Green=28.6 years old; Blue=29.6 years old) [F(2,299) = 1.99, p > 0.1], variables known 520 to influence functional connectivity. 521
From the paired hierarchical analysis of connectivity patterns two main clusters 522 emerged: one including regions in medial prefrontal and parietal cortex plus 523 hippocampus, para-hippocampus, and amygdala; the other including basal ganglia, 524 thalamus, and lateral prefrontal cortex ( Figure 4A) . 525
The cortical module (violet in Figure 4A ) encompasses areas belonging to the fronto-526 parietal network (FPN) and the default mode network (DMN), typically involved in 527 control-and regulatory-related processes. The subcortical module (orange in Figure  528 4A) includes regions more strictly related to reward processes. 529
To examine difference among the three archetypes, we ran a bootstrap-ANOVA. We 530 found mainly FC differences between clusters, specifically between prefrontal and 531 cingulate regions, involved in control and regulation, and subcortical regions, involved 532 in reward. In contrast, there were no significant FC group differences in ROI within 533 each cluster. 534
Post-hoc comparisons showed that subjects in the Blue archetype, as compared to 535 subjects in the Red and Green archetypes, had increased FC: 1) between amygdala and 536 Posterior Cingulate Cortex (PCC), thalamus, caudate nucleus and putamen; 2) between 537 caudate nucleus and ventromedial Prefrontal Cortex (vmPFC), anterior cingulate cortex 538 (ACC), PCC, amygdala and ventral diencephalic structures (e.g., substantia nigra, 539 hypothalamus, thalamus); and 3) between anterior Prefrontal Cortex (aPFC) and 540 vmPFC ( Figure 4B ). All these connections, except those involving the amygdala, were 541 also stronger in subjects of the Green archetype as compared to subjects in the Red 542 archetype. Finally, the Red archetype showed stronger FC between superior frontal 543 gyrus (SFG) and ACC and hippocampus, as compared with the other two archetypes. 544
In summary, stronger (blue archetype) and more flexible (green archetype) self control 545 are associated with stronger FC between reward/emotion related regions (e.g. 546 amygdala, caudate) and control related regions. 547 548
Twin correlations and heritability 549
Finally, we sought to investigate the heritability of time preferences for rewards by 550 
Discussion
567
In the present study we applied Pareto Optimality theory and its methodology to 568 investigate the presence of archetypes in human cognition and behavioral data, which 569 according to the theory reflect evolutionary trade-offs among multiple cognitive and 570 personality traits. Through a data-driven method, we found that, among all the possible 571 combinations of pairs of traits used to project the data points into the morphospace (the 572 space of all phenotypes), one combination stood out over all others, representing the 573 strongest Pareto Front solution. This Pareto Front distribution was obtained when we 574 projected the data derived from two measures of the DDT, a task that measures time 575 preferences for reward, an index of self-control and regulation. This Pareto Front 576 triangular distribution was the only significant to permutation tests on the whole sample 577 of subjects (n=1205), but it was also replicated as the only significant Pareto distribution 578 in smaller samples (in each half of the subjects) ( Figure S2) . 579
These findings provide important clues to the evolutionary nature of self-control, and 580 time preference for reward in humans in particular. Moreover, they demonstrate that 581 this trait is a crucial dimension to describe the diversity of human behavior and brain 582 structures, offering insights into evolution, cognition, neuroscience, psychology and 583
economy. 584 585
Time preferences for reward: Evolutionary perspective 586
The evolutionary foundation of time preference for rewards has attracted the interest of 587 economists and biologists for many years (Rogers, 1994). However, this is the first 588 study to demonstrate that time preferences for reward in humans are shaped by natural 589 selection according to the Pareto optimality theory. Three optimally competing 590 strategies, or archetypes, have been identified: The Blue archetype characterized by 591 stable preference for larger rewards that are delayed in time; the Green archetype 592 characterized by preferences for delayed rewards when these are very large; and, the 593
Red archetype characterized by a consistent preference for immediate smaller rewards. 594
The Blue archetype is defined by enriched features that are typically considered positive 595 and desirable qualities, at least in a highly structured and modern environment, thus it 596 is easily understandable the evolutionary advantage for this archetype. For example, 597 being intelligent, agreeable, and open, as well as physically fit, could increase the 598 likelihood to find a mate, as well as earning a high income could increase the offspring 599 quality, via better nourishment and/or investment in education. 600
Likewise, traits enriched near the Green archetype are advantageous. Green archetype 601 flexibly changes the strategy according to the reward amount, suggesting -respect to 602 the other two archetypes -higher ability in modifying and adapting the behavior on the 603 basis of external environmental features. Also, individuals close to the Green archetype 604 have the most effective emotional expression recognition, thus they are likely to be 605 facilitated in the understanding of others' feelings and needs. 606
The evolutionary advantage for the Red archetype appears instead less intuitive at first 607 glance, but it can be accounted for by at least three reasons. The first is the presence of 608 'evolutionary mismatch' between the environment in which we currently live and the 609 environment in which we evolved. Therefore, a behavior that was adaptive and well 610 suited for evolution becomes inappropriate into our current environment (Robson and 611 Our results do not refuse the concept of g factor: we observed that the Blue archetype 655 has higher abilities in all cognitive domains compared to the Red archetype, which has 656 instead the lowest level of performance. We also found that typically 'positive' non-657 cognitive qualities, as openness, physical fitness, good sleep quality, high income, co-658 occurred in the Blue archetype, as well as typically 'negative' features (aggression, rule-659 breaking behavior, drug addiction, high BMI, low life satisfaction and self-efficacy, 660 sleep problems etc…) co-occurred in the Red archetype. Therefore, the g factor is not 661 restricted to cognitive abilities, but should be extended also to other behavioral traits of 662
individuals. 663
Importantly, however, some variables such as cognitive flexibility, recognition of facial 664 emotion, minimal thought disorders, and low smoke use enrich the Green archetype. 665
This indicates that, at least for some variables, trade-offs in time preference shape 666 variability along a third axis beyond a simple g factor positive correlation. is important for the inhibition/regulation of the impulsive system and the associated 696 valuation of delayed rewards. Our findings support these models, showing that the 697 ability of delaying a reward is associated with a stronger functional coupling between 698 cortical and subcortical regions, which might underlie a more efficient regulatory 699
influence. 700
More specifically, differences in functional connectivity regarded the connections 701 centered on amygdala, caudate, and aPFC, with subjects in the Blue archetype having 702 stronger connections than subjects in the Red and Green archetypes. 703
The amygdala is classically considered the core region of emotion regulation 704 
2017). 723
In contrast, the Red archetype shows stronger functional connections between ACC and 724 superior frontal regions. Although at a first sight this result appears counterintuitive and 725 contradicting the findings discussed above, it is, however, consistent with a recent study 726 that found stronger functional coupling in ACC-frontal circuits to be predictive of a 727 poorer DDT task performance in cocaine users (Camchong et al., 2011) . 728
Finally, from a psychological perspective, although the present study cannot make any 729 conclusion about causal relationships, it provides the most comprehensive overview of 730 the associations between time preference and other individuals' attributes. 731
We observed that such trait is able to explain alone individual differences not only in 732 cognitive abilities, but also personality traits, habits and dysfunctional behaviors, socio-733 demographic features. Notably, a stable preference for immediate smaller rewards 734 seems to predict a constellation of behavioral and real-life problems, including hostile, 735
antisocial, rule-breaking and withdrawn behaviors, anxiety, thought problems, sleep 736 problems, pain and somatic complains, high levels of stress and perception of rejection, 737 low levels of life satisfaction and self-efficacy, high BMI, and substance addiction. 
960
The enrichment analysis included cognitive tests, personality scales, habits and socio- 
